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Abstract 
Spatially-fine data of gridded population of the world (GPW) is useful for various objective including energy demand 
modelling, climate modelling, urban mitigation/adaptation planning, among others. However, future projection of 
GPW is typically performed using fairly simple methods, and its validity is still unclear. This study first empirically 
compares the performances of several representative methods for GPW projection (forecasting), subsequently it 
performs scenario creations of Japanese residential electricity demand for 2050 using the population projections, 
derived using the models, multiplied by an intensity. This paper discusses the potential dangers of applying widely 
used constant-share method to the depopulation country like Japan, which include urban declining regions. 
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1. Introduction 
Spatially-fine data of gridded population of the world (GPW) is useful for various objective including 
energy demand modelling. However, future projection of GPW is typically performed using fairly simple 
methods [1–6], and its validity is still unclear. This study first empirically compares the performances of 
several representative methods for GPW projection (forecasting), subsequently it performs scenario 
creations of Japanese gridded residential electricity demand for the year 2050 using the population 
projections, derived using the models, multiplied by an intensity. 
2. Methods for GPW projection 
The mostly used method for population projection is so-called cohort-component method. However, 
the method is not feasible to apply to the gridded population of the world (GPW), because it requires rate 
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information of fertility, mortality, and migration rates, for each grid cell. If such data are not available, 
standard age-cohort projections are not an option [7]. Instead, studies have adopted fairly simple 
downscaling methods [1–4] described as 
 itittTiT PfNPNPP ,,, )(  ; (1) 
where t denotes a base year, T denotes a target year, i (i = 1, …, n) denotes an id for grid cell, NP denotes 
higher zone (e.g., country level) population, Pi denotes the population of grid cell i. In this downscaling 
approrch, externally given population growth/decrease of higer level zone is allozated to each grid i based 
on ft,i. 
2.1. Constant-share method 
Constant-share method, used in [1, 2] defines ft,i as  
 titit NPPf ,,  . (2) 
Hence In this method, the share of population in each grid cell ft,i holds constant for any future projection.  
2.2. Share-of growth method 
Another method termed share-of growth model [7] defines ft,i as:  
 
 ¦   nj jtjtititit PPPPf )()( ,,,,, WW . (3) 
Similar approach, sometime termed IIASA appraoch [5, 6], defines ft,i as: 
 ¦  nj jtjTitiTitf )()( ,,,,, XXXX , (4) 
where it ,X denotes population potential, typically defined as¦  nj ijjt dP1 2, )/( . Hence IIASA approach 
allocates population growth/decrease based on the change of the population potential. Here, a 
hypothetical popullation distriution for time T is created by increaseing (or decreasing) the population in 
each grid cell by a rate equal to the higher zone (national-level) rate. We also use follwing equation 
corresponding to eq. (3) 
 ¦   nj jtjtitititf )()( ,,,,, WW XXXX , (5) 
where population growth/decrease is allocated based on the past changes of population potential. 
Above definition of population potential it ,X  explicitly set the spatial smoothing rate to D=2. Instead, 
we attempt to “estimate” spatial smoothness by employing thin plate spline. The smoothing 
parameter of thin plate spline can be statistically selected via generalized cross validation [8].  
2.3. Statistical method 
Demographic studies have suggested that trend extrapolation is very simple, but its forecasting 
accuracy is comparable to cohort-component method. We use log-linear formula, defined as 
 )(logˆˆ, TP iiiT ED  . (6) 
Where iDˆ and iEˆ is intercept and trend estimate for each grid, estimated via ordinary least squares. This 
paper also compares the performances of two representative time series model––ARIMA model and 
exponential smoothing state space (ets) model [9]. The lag order of ARIMA model is selected based on 
BIC criterion. To our best knowledge, no study has employed such time series models for GPW 
projection at grid cell level because it requires huge computation.  
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Also, model ensemble (averaging) of log-linear, ARIMA, and ets estimates is tested. Model ensemble 
is known to reduce model intrinsic bias and it sometimes brings higher prediction accuracy. Hence we test 
the applicability of model averaging technique to GPW projection. Because it is difficult to choose 
appropriate weight for long term forecasting from fairly short time period observations, we do not assign 
weight to each model estimate in our case study. 
3. Empirical verification 
We use Japanese Population census data from 1980 to 2005 by five years, prepared at approximately 
1km2 grid cell level, for our experiment (Number of grid for each year is 379278). The methods which we 
compare is constant-share method [CS], share of growth method (eq.(4)[SG(IIASA)]; eq.(5)[SG_b]), 
Log-linear model, ARIMA model, ets model, and model ensemble of three statistical model estimates 
[ME]. The two kinds of experiments are demonstrated. First, the data for 2005 is prepared as validation 
data, and the data observed ten years before (i.e., 1995) is used for creating share for CS method. Also, 
population growth over ten years from 1985 to 1995 is used for creating share for SG_b method. The data 
for 1985, 1995, and 2000 is used to calibrate statistical models. The second experiments is the same to 
this, except for time is shift by five years. That is, validation data is 2000, and statistical models are 
created using the data for 1980, 1985, and 1995, etc.  
Table 1.  Result of calculating RMSE (Left: Target year: 2005; Right: Target year: 2000, 
Hokkaido is divided to 9 regions) 
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2005 hokkaido_1 72.5 75.6 81.2 55.4 61.5 58.8 53.8
2005 hokkaido_2 24.4 26.6 26.9 23.6 22.6 25.1 22.9
2005 hokkaido_3 166.1 163.5 176.1 130.3 146.2 146.1 129.4
2005 hokkaido_4 77.8 79.3 127.7 55.5 47.7 58.1 49.8
2005 hokkaido_5 45.4 48.4 45.8 34.9 36.0 39.5 34.7
2005 hokkaido_6 39.5 40.4 45.7 34.6 34.7 37.5 30.3
2005 hokkaido_7 22.1 23.7 28.1 18.7 19.0 20.7 18.4
2005 hokkaido_8 22.3 24.4 26.1 22.2 19.9 23.3 20.9
2005 hokkaido_9 21.9 24.5 23.1 17.9 17.4 19.0 17.4
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2005 aomori 92.6 94.7 91.9 75.8 73.5 81.8 73.2
2005 iwate 67.5 68.4 93.3 55.2 53.1 57.7 53.1
2005 miyagi 188.7 187.8 178.8 136.8 140.4 156.8 134.1
2005 akita 65.5 68.7 70.5 59.3 54.5 62.3 56.5
2005 yamagata 88.0 90.1 323.5 71.0 68.5 74.9 69.0
2005 fukushima 96.2 97.3 124.5 78.8 77.5 87.3 76.6
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2005 ibaraki 182.3 181.5 177.3 141.2 141.7 149.9 135.8
2005 tochigi 146.6 145.6 136.4 116.6 118.0 122.6 114.1
2005 gunma 139.6 138.4 129.8 108.3 104.2 112.7 104.1
2005 saitama 447.2 437.8 431.8 346.7 389.3 366.3 337.4
2005 chiba 496.6 488.5 473.4 372.6 381.7 414.4 370.5
2005 tokyo 930.4 902.9 12920.2 853.0 813.9 929.4 836.1
2005 kanagawa 785.2 762.0 727.5 601.1 671.7 631.7 607.9
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2005 niigata 106.1 108.2 289.1 82.5 78.9 87.1 79.4
2005 toyama 129.0 130.2 264.0 100.6 97.1 105.0 97.5
2005 ishikawa 140.0 140.5 149.8 104.0 100.6 112.1 100.5
2005 fukui 106.5 107.2 125.1 80.2 75.8 84.4 76.9
2005 yamanashi 112.4 112.1 109.7 84.8 93.0 89.9 84.6
2005 nagano 91.1 90.9 89.6 73.9 75.5 78.7 72.4
2005 gifu 105.2 104.9 101.8 77.4 75.8 81.4 74.1
2005 shizuoka 175.3 173.3 162.9 138.9 141.6 146.3 136.3
2005 aichi 362.5 353.8 342.0 259.0 279.0 273.3 256.2
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2005 mie 169.5 167.7 161.5 130.1 123.3 143.6 123.6
2005 shiga 206.7 203.9 194.1 160.9 153.6 164.5 152.6
2005 kyoto 269.7 268.9 263.3 203.5 204.5 220.4 202.7
2005 osaka 834.0 832.8 826.0 611.6 586.9 659.9 596.5
2005 hyogo 468.7 464.3 994.4 303.1 280.7 433.7 312.0
2005 nara 200.3 200.5 202.1 147.8 160.9 157.5 141.5
2005 wakayama 105.6 109.6 676.5 82.9 79.4 88.6 79.6
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2005 tottori 112.2 113.1 152.4 85.6 88.9 106.9 88.1
2005 shimane 87.0 88.7 89.7 73.0 69.7 79.6 71.9
2005 okayama 135.9 135.7 129.7 106.5 104.5 110.3 102.8
2005 hiroshima 194.1 194.2 196.7 143.0 130.7 160.6 136.5
2005 yamaguchi 103.6 107.0 117.7 87.7 87.4 91.8 85.2
2005 tokushima 93.0 95.2 572.1 83.0 76.9 89.5 79.8
2005 kagawa 163.1 165.2 408.4 129.7 124.3 138.6 126.7
2005 ehime 108.5 109.7 126.2 79.1 80.7 87.4 77.9
2005 kochi 79.0 79.7 77.3 61.4 59.1 63.9 58.3
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2005 fukuoka 360.0 357.4 335.1 260.9 281.0 279.7 261.9
2005 saga 146.9 148.5 263.4 120.5 115.4 131.6 116.3
2005 nagasaki 143.8 149.5 154.7 112.1 107.6 120.4 106.5
2005 kumamoto 119.2 119.9 172.5 96.9 94.0 102.2 93.6
2005 oita 110.7 112.1 119.9 85.3 87.4 90.5 82.6
2005 miyazaki 87.1 88.3 1174.2 72.5 73.8 78.1 69.4
2005 kagoshima 91.3 92.7 165.8 76.0 76.7 82.5 71.3
2005 okinawa 308.0 291.8 273.7 230.9 248.5 238.8 232.8       
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2000 hokkaido_1 106.3 109.2 99.8 74.5 66.1 82.7 71.3
2000 hokkaido_2 32.8 36.3 36.5 26.6 26.8 33.0 27.3
2000 hokkaido_3 222.8 215.9 194.9 139.6 140.3 157.6 135.2
2000 hokkaido_4 102.5 103.2 187.7 70.5 67.5 78.8 70.4
2000 hokkaido_5 57.4 60.9 56.6 38.1 38.1 44.5 36.9
2000 hokkaido_6 60.3 61.3 57.9 39.9 41.4 49.3 39.6
2000 hokkaido_7 28.3 29.8 30.1 19.7 21.3 25.3 20.3
2000 hokkaido_8 27.8 30.4 30.4 21.1 23.0 27.1 22.3
2000 hokkaido_9 29.6 34.0 32.5 21.1 19.1 27.6 21.0
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2000 aomori 121.8 122.1 117.4 73.7 77.3 93.8 75.7
2000 iwate 75.8 75.8 73.7 50.5 50.7 62.3 51.1
2000 miyagi 236.5 233.1 213.3 162.8 159.2 198.0 163.2
2000 akita 71.7 73.1 70.1 47.2 56.2 57.0 50.1
2000 yamagata 91.0 91.6 205.7 59.9 60.9 68.5 60.2
2000 fukushima 115.8 115.1 108.7 74.5 74.1 93.0 75.3
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2000 ibaraki 225.0 219.0 203.0 143.9 139.2 174.5 142.7
2000 tochigi 177.3 174.7 157.6 108.5 114.0 134.6 110.8
2000 gunma 158.2 154.6 136.4 101.6 97.7 113.3 98.4
2000 saitama 537.0 517.2 499.7 379.0 406.4 422.8 368.2
2000 chiba 496.8 479.3 456.8 347.9 383.0 384.8 342.9
2000 tokyo 888.7 878.3 948.0 608.0 651.7 709.7 606.8
2000 kanagawa 790.0 759.4 723.7 584.3 632.5 620.6 573.3
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2000 niigata 122.4 122.3 120.6 78.9 80.0 90.2 78.6
2000 toyama 146.3 146.2 144.5 95.3 96.2 110.9 96.6
2000 ishikawa 154.2 152.7 136.8 101.6 103.1 113.3 99.2
2000 fukui 119.9 119.1 115.0 77.1 79.7 89.5 78.1
2000 yamanashi 131.2 127.3 103.2 78.8 87.5 92.6 80.5
2000 nagano 117.6 115.2 107.5 73.5 78.6 95.9 77.8
2000 gifu 121.3 119.2 103.9 75.8 75.6 88.0 74.5
2000 shizuoka 203.2 199.3 181.9 127.7 134.8 162.3 131.7
2000 aichi 475.4 461.6 414.7 299.1 303.1 364.0 303.7
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2000 mie 201.7 197.1 183.8 135.1 138.9 165.7 137.9
2000 shiga 196.9 191.9 178.9 154.1 158.5 169.2 153.8
2000 kyoto 252.1 249.4 244.5 189.5 187.3 208.7 181.3
2000 osaka 828.8 823.4 793.4 615.7 616.4 677.6 599.3
2000 hyogo 471.8 465.6 416.4 334.9 344.1 406.4 335.2
2000 nara 219.0 215.3 197.2 153.4 171.8 169.5 152.9
2000 wakayama 150.5 151.0 134.7 89.7 89.5 105.7 88.3
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2000 tottori 125.7 126.2 133.0 83.9 89.7 106.8 88.7
2000 shimane 93.4 94.7 141.7 62.1 64.6 78.8 64.6
2000 okayama 154.5 153.7 141.3 100.0 104.0 122.7 102.2
2000 hiroshima 221.4 219.9 209.1 156.8 155.0 188.8 158.0
2000 yamaguchi 141.3 144.6 266.5 88.1 85.9 127.5 94.1
2000 tokushima 98.3 99.1 128.4 63.3 66.7 80.2 65.7
2000 kagawa 188.9 188.9 189.3 123.5 121.4 141.3 122.0
2000 ehime 115.3 116.1 325.4 73.1 81.5 85.5 74.6
2000 kochi 105.4 106.1 100.8 65.9 73.0 80.5 68.4
Target Year Prefecture CS SG(IIASA) SG_b Log-linear Ets ARIMA ME
2000 fukuoka 390.4 383.2 346.4 268.5 281.7 292.7 266.3
2000 saga 165.9 166.0 167.7 112.4 106.9 140.5 113.9
2000 nagasaki 168.4 173.2 178.2 121.7 114.7 136.6 117.6
2000 kumamoto 141.2 140.5 125.2 87.2 94.1 103.2 87.2
2000 oita 125.4 126.6 244.3 87.0 86.2 95.4 84.0
2000 miyazaki 101.6 101.6 99.7 66.5 67.4 84.8 67.4
2000 kagoshima 117.2 117.5 170.8 75.2 79.6 88.9 73.4
2000 okinawa 297.3 281.0 226.5 184.0 196.6 198.7 184.2  
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In order to verify forecasting accuracy, we used RMSE as the error measure. The left-hand side of the 
table 1 represents the result for 2005; while right-hand side that for 2000. The table shows statistical 
methods performed remarkably better than simple (CS/SG) methods. Also, it is suggested that model 
ensemble may help to improve forecasting accuracy in an interesting manner. That is, if we see the result 
of Ibaraki, 2005, the RMSE of Log-linear, Ets, and ARIMA method is 141.2, 141.7, and 149.9 
respectively. However, that of ME is 135.8, thus performed better than original models. Further 
investigation is needed to generalize this knowledge to show in which case model ensemble can be 
particularly useful. 
4. Creation of residential electricity demand scenarios of Japan for 2050 and discussions 
Here, we create several residential electricity demand scenarios of Japan using the GPW projections 
derived using above methods, which is multiplied a national level electricity intensity. The data in 2005 is 
used for creating share for CS method. Also, population growth from 1995 to 2005 is used for creating 
share for SG_b methods. Unfortunately, Ets estimates diverged away from reasonable values, and hence 
we used only Log-linear and ARIMA model estimates for constructing ME estimates. Some geographical 
mapping results are shown in Fig 1. The Log-linear model seems to be suitable for representing urban 
shrinkage. The SG_b result shows that small cities have grown up, resulting in so-called polycentric 
urban form. Fig.2. represents the result of creating histogram of log of non-zero electricity demand. 
Naturally, the histogram of CS method is very similar to that of 2005 observation. However, the results 
by the other methods indicate possible increase of small population grids. Hence the result may show the 

































































































Fig. 1. Electricity demand scenarios for Nagoya and Tokyo for 2050 (Left: CS; Middle: Log-linear; Right: SG_b) 
Fig. 2. Histogram of log of non-zero electricity demand (Top left: 1980; Top middle: 2005; Top right CS 2050; 
Bottom left: SG (IIASA) 2050; Bottom middle: Log-linear 2050; Bottom right: ME 2050) 
5. A future direction 
The Japan Institute of Energy provided a manual of estimating electricity demands using building 
stock (building floor area) data; residential and non-residential electricity demands in each time zone of 
each month can be estimated using this manual. Estimating detailed building stocks, which are needed for 
the manual based estimation, is an important next step. 
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Fortunately, the detailed building stocks can be estimated using the prefecture building stock data 
summarized by Ministry of Land Infrastructure, Transport and Tourism (MLIT). A number of studies 
discuss building stock estimation. For instance, [10] estimate building stocks in each use district, and [11] 
estimate attributes of each building using detailed auxiliary data (e.g., building polygons and phone book 
data). Importance of considering detailed auxiliary data in such estimation has been indicated in many 
geographical studies On the other hand, it has also been demonstrated that consideration of spatial data 
properties, including spatial dependence and spatial heterogeneity, improves estimation accuracy.  
In the future study, we are going to extend our study to the estimation of detailed building stock data 
considering both detailed auxiliary data and spatial data properties [12]. 
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